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Abstract

The Audio-Visual Event Localization (AVEL) task aims
to temporally locate and classify video events that are both
audible and visible. Most research in this field assumes a
closed-set setting, which restricts these models’ ability to
handle test data containing event categories absent (un-
seen) during training. Recently, a few studies have ex-
plored AVEL in an open-set setting, enabling the recog-
nition of unseen events as “unknown”, but without pro-
viding category-specific semantics. In this paper, we ad-
vance the field by introducing the Open-Vocabulary Audio-
Visual Event Localization (OV-AVEL) problem, which re-
quires localizing audio-visual events and predicting explicit
categories for both seen and unseen test data at inference.
To address this new task, we propose the OV-AVEBench
dataset, comprising 24,800 videos across 67 real-life audio-
visual scenes (seen:unseen = 46:21), each with manual
segment-level annotation. We also establish three evalu-
ation metrics for this task. Moreover, we investigate two
baseline approaches, one training-free and one using a fur-
ther fine-tuning paradigm. Specifically, we utilize the uni-
fied multimodal space from the pretrained ImageBind model
to extract audio, visual, and textual (event classes) fea-
tures. The training-free baseline then determines predic-
tions by comparing the consistency of audio-text and visual-
text feature similarities. The fine-tuning baseline incorpo-
rates lightweight temporal layers to encode temporal re-
lations within the audio and visual modalities, using OV-
AVEBench training data for model fine-tuning. We evaluate
these baselines on the proposed OV-AVEBench dataset and
discuss potential directions for future work in this new field.

1. Introduction

Audio-visual learning, an essential sub-field of multimodal
learning, has garnered increasing attention in recent years,
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Figure 1. (a) Illustration of the AVEL task, which aims to tem-
porally localize segments containing events that are both audible
and visible, and identify their categories. (b) Studies of AVEL in
different settings. In contrast to previous closed-set and open-set
settings, we explore a more practical open-vocabulary AVEL prob-
lem, which needs to infer explicit event categories for both seen
and unseen test data (i.e., data containing classes seen and unseen
during training). Each color represents a distinct event class.

resulting in the development of various research tasks, such
as sound-source localization [4, 11, 13, 23, 30, 33] and
segmentation [10, 12, 14, 24, 25, 0 52], audio-visual
video parsing [5, 8, 37, 45, 47, 51, 54] and genera-
tion [16, 26, 35], question answering [17 20, 44], etc. In
this paper, we focus on a fundamental research task of
Audio-Visual Event Localization (AVEL) [36]. As shown
in Fig. 1(a), given a video containing both audio and vi-
sual streams, the AVEL task aims to temporally localize
segments that contain an audio-visual event (i.e., both au-
dible and visible) and identify its category. For segments
that do not satisfy this condition (i.e., only audible/visible
or neither), their category is assigned to a special back-
ground class. In other words, this task requires perceiving
the semantic alignment between audio and visual modali-
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ties, known as audio-visual correspondence [, 2].

In recent years, there has been rapid advancement in the

AVEL field: 1) Closed-Set Audio-Visual Event Localiza-
tion. Since the pioneering work [36], numerous significant
research works have been proposed. For example, these
methods aim to improve audio-visual fusion [7, 15, 21, 36,
39, 43, 48, 55], better distinguish the background [42, 49],
and localize more precise temporal boundaries [22, 40, 45].
While these methods achieve satisfactory performance in
traditional AVEL tasks, they are designed for a closed-set
scenario. As shown in Fig. 1(b), methods in this setting
can only infer data with event classes encountered or seen
during model training (referred to as seen test data in our
work), making it hard for unseen test data (namely test data
with classes unseen during training) processing.
2) Open-Set Audio-Visual Event Localization. Recently,
Yu et al. began exploring the AVEL task in an open-set set-
ting [46]. To the best of our knowledge, this is currently the
only work in this setting. Specifically, the open-set AVEL
needs to handle both seen and unseen test data at inference.
For the unseen test data with novel classes unseen in train-
ing, the model should recognize it as “unknown” rather than
classifying it into a known category. By employing eviden-
tial deep learning and positive-unlabeled learning, [46] can
identify unknown events in unseen test data. However, the
model remains unable to determine specific categories for
unseen events. Additionally, its model evaluation is con-
ducted on a limited subset of the relatively small AVE [36]
dataset, where only 7 classes are treated as unknown, limit-
ing its applicability in real-world scenarios.

In this paper, we investigate the Open-Vocabulary
Audio-Visual Event Localization (OV-AVEL) problem, a
novel and more practical extension of AVEL. As shown in
Fig. 1(b), OV-AVEL seeks to predict explicit event cate-
gories for both seen and unseen test data during inference,
instead of assigning a general unknown class to unseen data
as in open-set AVEL, thus providing more detailed tempo-
ral localization results. Notably, event categories in unseen
test data are not present during model training. A related
topic to OV-AVEL is Audio-Visual Zero-Shot Learning (AV-
ZSL) [27-29, 31, 32], which aims to classify unseen videos
during testing by integrating both audio and visual signals.
The main difference is that AV-ZSL only needs to deter-
mine the category of the entire video, whereas our OV-
AVEL seeks more fine-grained classification at the tempo-
ral level, requiring more precise recognition of audio-visual
correspondence (i.e., perceiving the event category for each
modality at each segment).

To support this new task, we develop a corresponding
dataset named OV-AVEBench. Compared to the AVE [36]
dataset used in closed-set and open-set AVEL, our OV-
AVEBench offers a broader range of video and event
categories. An overall comparison is presented in Ta-

Table 1. Comparison of our OV-AVEBench with other datasets
used in various AVEL settings.

Settings ‘ Dataset ‘ Video ‘ Class

‘ ‘ total  training ‘ total seen unseen
closed-set [36] AVE [36] 4,143 3,309 28 28 0
open-set [46] AVE [36] 4,143 2,505 28 21 7
open-vocabulary | OV-AVEBench | 24,800 13,182 67 46 21

ble 1. Specifically, the proposed OV-AVEBench includes
24,800 videos in total, approximately 6 times the number
in AVE [36] dataset; The videos in our OV-AVEBench en-
compass 67 classes of audio-visual events, whereas the AVE
dataset includes only 28. Moreover, each video sample in
OV-AVEBench is manually annotated at the segment level,
providing precise labels for model training or fine-tuning.
These efforts in dataset construction allow us to explore
more training data (seen classes) and unseen test data (un-
seen classes), facilitating model development and evalua-
tion for real applications. Details about data collection, an-
notation, and splitting will be presented in Sec. 2.

In addition, we standardize the evaluation metrics for
the studied OV-AVEL task. Prior AVEL studies typi-
cally adopt accuracy [36] as the evaluation metric, which
segment-wisely compares predictions and ground truths.
This metric does not account for the recall and may not
be intuitive in evaluating predicted events across different
temporal scales. Inspired by the metrics in the audio-visual
video parsing task [37], we incorporate the F1-score as an
additional evaluation metric for OV-AVEL, measuring it at
both the segment-level and event-level. The segment-level
F1-score is calculated by segment-wise comparison of pre-
dictions with ground truths. Notably, the event-level met-
ric treats consecutive segments with identical predictions
as a complete event and computes the Fl-score by assess-
ing whether the Intersection over Union (IoU) between the
predicted whole event and ground truth event exceeds the
threshold of 0.5. Thus, this metric is stricter in evaluating
the temporal boundaries of predictions.

With the OV-AVEBench dataset and evaluation metrics
established, we also propose preliminary baselines to ad-
dress the OV-AVEL problem. To facilitate the recogni-
tion of various event classes, particularly those pertain-
ing to unseen test data, we consider leveraging the zero-
shot capability of recent language-based multimodal con-
trastive models. The language words are easily extendable
and are not confined to predefined concepts (or categories
for event classification). By applying contrastive learning
to large-scale multimodal data pairs, the resulting embed-
dings can capture discriminative and accurate semantics.
We opt to utilize ImageBind [9] because it establishes a
joint embedding space across multiple modalities, aligning
well with the studied OV-AVEL task. After extracting the
segment-level audio, visual, and text embeddings using Im-
ageBind (where the text represents all potential seen and un-
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seen event classes), we initially explore a simple training-
Jree baseline. Specifically, we compute the cosine simi-
larity matrices for audio-text and visual-text features, re-
spectively. In this way, we can identify the predicted event
category for each audio and visual segment, correspond-
ing to the highest similarity value, and subsequently gen-
erate audio-visual event predictions by verifying the con-
sistency of the predicted audio and visual event categories.
Notably, this baseline is training-free, directly operating on
the test data. To utilize the annotated training data from the
proposed OV-AVEBench dataset, we further explore a fine-
tuning baseline. Although the unseen test data and training
data possess distinct event categories, the temporal informa-
tion in training data, which reflects the continuity of various
audio-visual events, remains beneficial for the OV-AVEL
task. Inspired by this, we incorporate some lightweight
transformer layers into the ImageBind model to learn tem-
poral relations within audio and visual modalities. Then,
we fine-tune the model using the training data. Notably,
parameters of the vanilla ImageBind model remain frozen,
with only those of the temporal layers being learnable; thus,
the increase in resource or computational load is relatively
limited. Our experiments demonstrate that the fine-tuning
baseline significantly outperforms the training-free version
in inference on both seen and unseen test data.

In summary, our main contributions are three-fold:
* We propose the Open-Vocabulary Audio-Visual Event
Localization (OV-AVEL) task, aiming to localize both
seen and unseen audio-visual events in test videos. To
the best of our knowledge, this work is the first to ad-
vance the AVEL area toward more practical applications
in open-vocabulary scenarios.
To facilitate this new task, we construct the OV-
AVEBench dataset, which includes segment-level manual
event annotations. Besides, we establish standard evalu-
ation metrics that encompass typical accuracy, as well as
segment-level and event-level F1-scores.
We present two simple baselines: one adopting a training-
free paradigm, which can be upgraded through further
fine-tuning on available training data. We hope that our
benchmark will inspire future research in this field.

2. OV-AVEBench

We construct the OV-AVEBench dataset to facilitate the
study of Open-Vocabulary Audio-Visual Event Localization
(OV-AVEL). In Table 1, we have provided a basic overview
of OV-AVEBench. In the following subsections, we share
more details about data collection, annotation, and splitting.

2.1. Data Collection

The target audio-visual events in the OV-AVEL task ne-
cessitate semantic correlation between the audio and vi-
sual modalities (in at least some video segments). To meet

this requirement and avoid unnecessary costs, we resort to
existing VGGSound [3] dataset, a large-scale audio-visual
dataset in our community that provides ample video re-
sources. Specifically, VGGSound dataset consists of over
200k videos covering 309 audio classes. However, some
classes may be easily recorded in audio signal but are dif-
ficult to represent in visual frames, such as wind noise and
thunder. Additionally, some classes are either too similar
or too fine-grained (e.g., car engine starting vs. car engine
idling), or too rare in current real-life (e.g., dinosaurs bel-
lowing). We filtered out categories like these and ultimately
selected 67 common and suitable classes for constructing
the OV-AVEBench dataset. The complete category list of
selected categories is presented in Fig. 2(a). These event
categories correspond to five major groups: human activity,
animal activity, musical instruments, vehicles, and several
other audio-visual scenes from real life.

After determining the event categories, we downloaded
the corresponding videos based on the YouTube URLSs pro-
vided by the VGGSound dataset. A small number of videos
were not currently available. Next, five volunteers were
invited to manually review and check the downloadeded
videos. Some low-quality videos (e.g., those that were
completely mismatched with their category tags) were fur-
ther removed. After these steps, we ultimately retained
24,800 videos as the data resources for our OV-AVEBench
dataset. The specific number of videos in each event cat-
egory is shown in Fig. 2(a). Each video lasts for 10 sec-
onds. We examine the temporal length of audio-visual
events contained in the videos. As shown in Fig. 2(b), we
find that 43.48% video data contain audio-visual events in
all temporal segments (10 seconds), while 24.27% contain
no audio-visual events (0 seconds), i.e., containing back-
ground class, and over one-third of the data fall in between.
These video data require the model to recognize various
event categories, distinguish background segments, and lo-
calize events across different temporal scales, making our
OV-AVEBench dataset applicable to the OV-AVEL task.

2.2. Data Annotation

After obtaining the videos, we attempt to provide audio-
visual event labels for them. For each video, we divide it
into ten 1-second segments. The intermediate video frame
of each segment is extracted to represent its visual compo-
nent. The audio component is the corresponding 1-second
audio sequence. Then, the audio-visual event labels can be
determined by evaluating whether the visual frame and the
audio sequence describe the same event. If they match, this
segment is labeled as ‘1’ with a meaningful event category,
e.g., baby laughter; otherwise, it is labeled as ‘0’ and cat-
egorized as background. This process allows us to obtain
segment-level labels.

To ensure high-quality labels for the community, we con-
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Figure 2. Statistics about the proposed OV-AVEBench dataset. (a) Our OV-AVEBench contains 24,800 videos covering 67 practical
audio-visual scenes from the real world. Each event category and its corresponding video amount are listed. The category highlighted
by a black bounding box indicates that data in that category is only available during the inference phase (unseen classes/data). (b) The
audio-visual events in the videos exhibit various temporal scales, with some containing only background. We also visualize the category
distribution (c), the video distribution (d) of the seen and unseen data, and the video counts for the training, validation, and test sets (e).

ducted the annotation process through crowdsourcing. Ten
human annotators were involved in this process. First, we
provided video examples along with guidelines to ensure
that the annotators understood the annotation procedures
and standards. Next, the formal annotation began. After fin-
ishing the annotation, we exchanged annotators to perform
a second-round re-evaluation. Annotations with differing
opinions were discussed to reach a final judgment. It took
us about three weeks to complete the annotation process.

2.3. Data Splitting

The OV-AVEL task requires handling both seen and un-
seen data, which means that only some event categories are
present during training. Our OV-AVEBench dataset con-
tains a total of 67 event classes. As shown in Fig. 2(c), we
select 46 classes as seen classes (appearing in training data)
while the remaining 21 classes as unseen (only appearing

in the evaluation phase). The detailed category names can
also be observed from Fig. 2(a), where the unseen classes
are highlighted by black bounding boxes. Importantly, we
did not simply select 21 classes from the entire category
list. Instead, we identify specific classes from each major
audiovisual category group while carefully balancing the
number of videos in the resulting seen and unseen data. As
shown in Fig. 2(d), 16,497 videos are finally used as seen
data (whose classes are seen during training), and 8,303
videos are used as unseen data. Notably, some of the seen
data can also appear in the validation and test sets. The de-
tailed numbers are presented in Fig. 2(e). Specifically, we
split the videos into training, validation, and test sets, with
respective video counts of 13,182, 5,798, and 5,820. For the
validation and test sets, we set the ratio of seen and unseen
videos (i.e., videos with seen and unseen classes) at approx-
imately 3:7. This allows us to evaluate models using more
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Figure 3. Overview of the proposed baseline methods. We utilize the audio and image encoders of the pretrained Imagebind [9] (with
frozen parameters) to extract segment-level audio and visual features. @ The training-free baseline sends texts of all candidate classes
(both seen and unseen) to extract features. Then, the audio-visual event prediction is decided by evaluating the consistency between audio-
text and visual-text feature similarities. @ The fine-tuning baseline additionally inserts some temporal layers into the audio and visual
encoders to strengthen temporal interaction learning. This model is fine-tuned/trained with training data (with seen classes). Only the texts
of seen classes are known and used in model fine-tuning, while the unseen classes are additionally introduced during inference. The final
audio-visual event prediction is obtained by fusing event probabilities of audio and visual modalities.

unseen data during the inference phase. We will release the
OV-AVEBench dataset to the community for transparency.

3. Baselines

Task Formulation. Given an audible video, it is divided
into 7' = 10 consecutive and non-overlapping segments,
with {A4;}L_, and {V;}]_, representing the audio and vi-
sual components, respectively. The OV-AVEL task aims to
localize video segments that contain an audio-visual event
and identify their categories. Each video is typically domi-
nated by one event category. The ground truth labels can be
denoted as Y = {Y;}1; € RT*(C+1) where ‘C + 1" in-
dicates the total number of audio-visual event classes plus a
background class. Notably, during the inference phase, the
OV-AVEL task addresses data with both seen and unseen
classes. We denote the total number of seen and unseen
event classes as C and C,, respectively, where C; = 46
and C,, = 21 in the proposed OV-AVEBench dataset. And,
C=0Cs+C,.

3.1. A Training-free Baseline

The OV-AVEL task can be addressed with a straightforward
training-free baseline, as illustrated in the upper part of
Fig. 3. First, we utilize the pretrained ImageBind [9] model
discussed in Sec. | to extract audio and visual features.
Specifically, the sampled video frame from each visual seg-
ment is sent to the image encoder of ImageBind, yielding
the segment-level visual features F, = {v;}}_, € RT*4,
where d = 1024 is the feature dimension. Similarly, each
audio segment is sent to the audio encoder to extract audio
features, denoted as F, = {a;}I_, € RT*d,

Traditional approaches to closed-set AVEL [36] typi-
cally use only the audio and visual features as model inputs
for event prediction. To achieve open-vocabulary AVEL,
we adopt a zero-shot classification paradigm similar to
CLIP [34]. We send all candidate event classes (seen and
unseen) to the text encoder of ImageBind to obtain the text
(event category) features F, = {e.} 1! € R(CTD*d No-
tably, we add a special text ot her that corresponds to the
background class, handling situations that do not belong
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to the listed seen and unseen classes (other new potential
event classes can also be flexibly added in practical appli-
cations). Next, we compute the cosine similarities of audio-
text and visual-text features, denoted as S,, € RT*(C+1)
and S, € RT*(C+D) as follows:

Sae = ||Fa||®||FeHTv Spe = ”Fv”®HF€HT> (1)

where || - || denotes L2-normalization and ® is the matrix
multiplication. By scanning each row of S,. and S,., we
can predict the category of each audio and visual segment
by identifying the category with the highest cosine similar-
ity value (marked by pink boxes shown in Fig. 3®). The
audio-visual events in target segments require that the cate-
gory of the audio segment and the synchronized visual seg-
ment should be identical. Therefore, we can easily deter-
mine the final audio-visual event predictions by checking
the audio and visual class consistency for each segment: if
both modalities share the same event category, that segment
contains an audio-visual event of that category; otherwise,
it is recognized as background.

3.2. A Fine-tuning Baseline

The baseline method described above is training-free since
the parameters of the audio, image, and text encoders are
frozen. Since segment-level labels are available for the
training data (with seen classes), we attempt to enhance the
training-free baseline through additional fine-tuning.

ImageBind can provide advanced audiovisual features;
however, they are independent at the segment level. The
temporal relations across segments are also crucial for our
OV-AVEL task because the target audio-visual events typi-
cally span various temporal scales. Motivated by this, we
insert some learnable temporal layers after the audio en-
coder and image encoder of ImageBind to enhance the tem-
poral interaction of each modality (illustrated in the lower
part of Fig. 3). In practice, the temporal layers are imple-
mented as a stack of L standard Transformer [38] blocks.
We denote the generated audio and visual features as F(; €
RT*d and F, € RT*4, respectively.

Training/Fine-tuning. Notably, data in the training set
contains only the seen classes. Therefore, during model
training/fine-tuning, only the texts of Cs seen classes and
additional text other (outlined by the orange box in
Fig. 3®@) are sent to the text encoder of ImageBind to extract
text features, yielding F¥ € R(Cs+1)*d_ Then, we can com-
pute the feature similarity matrices of audio-text and visual-
text pairs, similar to Eq. 1, denoted as S|, € R7*(Cs+1)
and S,, € RT*(C:+1) respectively.

The matrices S ;e and S;e reflect the category probabil-
ities of audio events and visual events, respectively. We

generate the final audio-visual event probability S(;Ue €

RT*(Cs+1) by fusing them as follows:

Spve = 1/ S © S, )

where ® is the Hadamard product. This strategy differs
from the direct comparison of S,. and S,. used in the
training-free baseline, which is non-differentiable for model
back-propagation. The ground truth Y € RZ*(C:+1)
for the training data can be easily obtained by select-
ing columns of corresponding seen classes from Y &
RT*(C+1) Then, our fine-tuning baseline is trained by op-
timizing the cross entropy loss between S:we and Y.
Inference. The OV-AVEL task involves handling both
seen and unseen data (i.e., data with seen and unseen
classes) during the inference phase. As highlighted by the
yellow dotted box in Fig. 3®, the texts of both seen and un-
seen classes are sent to the text encoder for feature extrac-
tion. The processing of audio and visual modalities follows
the same flow as in training, whereas the audio and visual
segments are processed by the pretrained encoders and fine-
tuned temporal layers to extract audio and visual features.
Then, we can generate the probability of audio-visual events
by utilizing audio-text and visual-text feature similarities as
described in Eq. 2. The final prediction can be made by
selecting the event category with the largest probability.

4. Experiments
4.1. Implementation Details

We conduct experiments on the proposed OV-AVEBench
dataset and evaluate the performance of our baselines using
the three evaluation metrics introduced in Sec. 1, i.e., the
accuracy (Acc.), segment-level F1-score (Seg.), and event-
level Fl-score (Eve.). The average result of three metrics
(Avg.) is also reported. In both baselines, we employ the
parameters of the pretrained ImageBind_Huge', the only
officially released version of the ImageBind [9] model, to
extract audio-visual-text features. For the fine-tuning base-
line, we set the batch size to 32 and fine-tune the model
(learnable temporal layers) for 5 epochs; the Adam opti-
mizer is used with a learning rate of 5Se-5. All experiments
are conducted on a single NVIDIA RTX 4090D (24GB)
GPU. The source code will be released.

4.2. Main Results

We propose both a training-free (zero-shot) baseline and a
fine-tuning baseline to address the new OV-AVEL task. Ad-
ditionally, we implement several zero-shot and fine-tuning
approaches to establish a comprehensive benchmark.

Comparison of Training-free approaches. We compare
our training-free baseline with two methods: 1) Video-
LLaMA?2 [6]. We design task-specific prompts (see our

Ihttps://github.com/facebookresearch/ImageBind/
tree/main
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Table 2. Benchmark on the OV-AVEBench dataset. We report performances of our training-free and fine-tuning baselines. Additionally,
we implement and compare various training-free and fine-tuning approaches.

Method seen unseen total
Acc. Seg. Eve. Avg. | Acc. Seg. Eve. Avg. | Acc. Seg. Eve. Avg.
Video-LLaMAZ2 [6] 50.1 406 320 409 | 485 385 29.0 386 | 489 39.1 298 393
CLIP [34]&CLAP [41] | 514 414 319 416 | 51.6 422 31.6 418 | 51.5 419 317 41.7
Training-free (our) 575 450 340 455 | 598 473 340 47.0 | 59.2 467 340 46.6
CMRA [43] 65.2 588 543 594 | 360 31.0 263 31.1 | 443 389 343 392
AVE [36] 76.6 636 560 654 | 446 332 240 340 | 538 419 332 429
PSP [48] 754 668 61.0 67.7 | 337 282 242 28.7 | 456 393 347 399
MM-Pyramid [45] 76.5 669 623 68.6 | 36.8 29.0 23.8 299 | 484 402 352 412
Fine-tuning (our) 725 618 545 629 | 649 550 475 558 | 671 569 495 578

supp. for details) to enable this advanced audio-visual LLM
to analyze audiovisual inputs and generate event-prediction
texts. 2) CLIP&CLAP. Instead of using ImageBind [9], we
employ separate CLIP [34] and CLAP [41] models to ex-
tract audio-text and visual-text features, obtaining predic-
tions following Eq. 1. As shown in the upper part of Ta-
ble 2, our training-free baseline outperforms both methods.
While Video-LLaMA?2 can describe events within an entire
audio sequence, it faces challenges in achieving segment-
level perception of audio-visual alignment. Additionally,
the comparison with CLIP&CLAP highlights the advan-
tages of using a joint feature space for multimodal fea-
ture embedding, which better captures semantic alignment
among multiple modalities for the OV-AVEL task.

Comparison of Fine-tuning approaches. We replace the
temporal layers in our fine-tuning baseline with core audio-
visual fusion modules from prior closed-set AVEL methods
(e.g., CMRA [43], AVE [36], PSP [48], MM-Pyr [45]) to
enable them perform both seen and unseen event localiza-
tion for comparison. As shown in the lower part of Table 2,
we find that: 1) While complex audio-visual interactions
from prior methods may improve seen-class performance,
they significantly degrade unseen-class performance, caus-
ing their overall results on the total test set to lag far be-
hind ours. 2) Comparing AVE with PSP/MM-Pyr, more ad-
vanced interaction modules may exacerbate the imbalance
between seen and unseen class recognition, highlighting the
challenges of the OV-AVEL task.

Training-free vs. Fine-tuning baselines. Our fine-tuning
baseline significantly outperforms the training-free version,
showing an 11.2% improvement in the average metric
(‘Avg.) on the total test set. Moreover, we observe that:
the training-free baseline model performs slightly better on
the unseen test data; after fine-tuning on training data, the
baseline model is improved in recognizing both seen and
unseen test data (17.4%7 and 8.8%7 in Avg., respectively).
The improvement is more pronounced for seen test data be-
cause their event classes have been seen in training. How-
ever, fine-tuning remains beneficial for unseen test data. We
speculate that further fine-tuning helps the model learn tem-

Table 3. Ablation study on the employment of the text other.

Data | w. other | w/o other

t

ype Acc. Seg. Eve. | Avg. | Acc. Seg. Eve. | Avg.
total 67.1 569 49.5|57.8|593 469 349 |47.0
seen 72.5 61.8 545|629 |62.0 49.2 37.8 |49.7
unseen | 649 55.0 47.5|558|58.2 46.0 33.7|459

poral relations from training data, facilitating the adaption
and updating of prior knowledge from ImageBind to down-
stream OV-AVEL task. This enables more precise local-
ization of temporal boundaries for unseen test data. This
is supported by the event-level metric, which significantly
improves from 34.0% to 47.5%. We provide additional evi-
dence and discussions on this in Sec. 4.3. In short, the com-
parison between the two baselines highlights the benefits of
further fine-tuning, especially when some training data with
annotations are available. More quantitative and qualitative
comparison results are provided in our supp. material.

4.3. Ablation Studies

In this section, we provide some ablation studies on the key
configurations adopted in our fine-tuning baseline. More
ablations are presented in our supplementary material.

The special class text other. We utilize a special text
other to assist the model in classifying events that do not
belong to either the seen or unseen classes. We conduct an
ablation study to explore its impact. As shown in Table 3,
the model using additional other class outperforms that
baseline trained without other by 10.8% in average per-
formance. The improvement is consistent across both seen
and unseen test data. This underscores the superiority of
introducing the additional class text other, which helps
prevent the model from misclassifying unknown events or
backgrounds as existing seen or unseen classes. In our supp.
material, we further show that the employment of other
is slightly better than other choices like background.
The strategy for generating S;Ue. In our fine-tuning base-
line, we generate the audio-visual event probability S, :we by
computing the square root of the product of predicted au-
dio event probability S, and visual event probability S,
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Table 4. Ablation study on the strategies for predicting S(/we.
Detailed implementation of each strategy is shown in the main
text. Results are reported on the total test data.

Strategy ‘ Acc. Seg. Eve. ‘ Avg.
Prob-avg 45.1 38.7 333 39.0
Fea-avg 46.8 39.8 34.0 40.2
Sqrt (Eq. 2) 67.1 56.9 49.5 57.8

Table 5. Comparison of using temporal layers and linear layers
in fine-tuning baseline.

Data |

type Acc. Seg. Eve. | Avg. | Acc. Seg. Eve. | Avg.
total 67.1 569 49.5|57.8|46.6 38.0 32.4]39.0
seen 72.5 61.8 54.5(629|762 645 569 |65.8
unseen | 64.9 55.0 47.5 (558|348 274 226|283

Temporal layer | Linear layer

Table 6. Impact of using different ratios of training data in
fine-tuning baseline.

Training | Testing | Metrics | Best

epoch
Acc. Seg. Eve. | Avg
total 67.1 569 495 | 57.8
100% seen 725 618 545 | 629 1

unseen 649 550 475 55.8
total 66.1 569 499 | 57.6
75% seen 75.1 654 593 | 66.6 3
unseen 62.5 535 46.1 54.0
total 66.7 57.1 497 | 57.8
50% seen 753 660 599 | 67.1 5
unseen 63.5 53,5 456 54.2
total 664 56.8 49.8 | 57.7
25% seen 73.0 62,6 557 | 63.8 6
unseen | 63.8 544 475 | 552

(Eq. 2). We refer to this strategy as Sqrt. Furthermore, we
explore two additional variants to obtain S:we. (1) Prob-
avg uses the average result of S, and S, to generate S, _,
ie.,S,,.=(S,.+8..)/2. (2) Fea-avg first generates the
fused feature by averaging the audio feature F(; and visual
feature FI; and then computes the cosine similarity (sim)

between the fused feature and the text feature F7, formu-

lated as S, = Sim(#, F?#). We re-train the fine-
tuning baseline model using these strategies and evaluate
the model on the test set. As shown in Table 4, the Sqrt
strategy significantly outperforms the Prob-avg and Fea-
avg variants. The geometric mean used by Sqrt is more ef-
fective than arithmetic mean at preventing audiovisual event
predictions from being misled by a high-probability predic-
tion in one modality. These results indicate the importance
of design in generating final audio-visual event probabili-
ties, a factor that future research should also consider.

Temporal layer vs. Linear layer. Our fine-tuning baseline
employs some temporal layers utilizing the self-attention
mechanism in Transformer to enhance temporal interactions
across video segments. Here, we replace these with learn-
able linear layers to update audio/visual features segment-
wisely (i.e., without temporal interactions). As shown in
Table 5, the average performance of the model fine-tuned
using linear layers lags considerably behind that using tem-
poral layers. Specifically, we find that the linear layers are
slightly more effective than temporal layers for event lo-
calization of seen test data but are significantly inferior for
unseen test data (27.5% | in Avg. metric). These results
suggest that 1) for seen test data with classes present dur-
ing training, simple linear layers may be adequate for fine-
tuning; while 2) for unseen test data, sophisticated temporal
relation modeling on training data becomes essential. Con-
sequently, developing more versatile and robust network ar-
chitectures would be an intriguing area for future research.
Different ratios of training data used for model fine-
tuning. As shown in Table 6, we fine-tune the baseline

model with various ratios of training data (sampling data for
each training class accordingly). Interestingly, we find that
the model achieves similar average performance across dif-
ferent data ratios. For instance, using only 25% of the train-
ing data, the model performance can reach 57.7% in Avg.,
close to that achieved with 100% training data. Addition-
ally, we find that both 100% and 25% of training data better
improve unseen test data recognition, while using 50% of
training data is the most effective for seen test data recogni-
tion. These results reveal a non-linear link between training
data size and the model’s performance, showing more data
is not vital for seen/unseen class localization. However, the
trade-off of using less training data is the need for more
training or fine-tuning epochs. These findings suggest that
determining a more balanced training strategy to optimize
both seen and unseen data recognition would be a valuable
direction for future work.

5. Conclusion

We propose the Open-Vocabulary Audio-Visual Event
Localization (OV-AVEL) task, advancing the traditional
closed-set AVEL problem into more practical open-
vocabulary scenarios. Accordingly, we meticulously con-
struct the OV-AVEBench dataset, making efforts in data
collection, annotation, and splitting. We hope that the OV-
AVEBench will serve as a standardized testbed for future re-
search on OV-AVEL. Furthermore, we introduce two base-
line approaches, a training-free baseline and a fine-tuning
baseline, to address this new task. We present some discus-
sions based on our experimental findings, which we expect
will inspire future advancements in the OV-AVEL field.
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